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Post-hoc explanation methods like SHAP can technically justify credit decisions but are too technical for lay people to interpret,
motivating AI-generated explanatory narratives (XAIN) that use large language models (LLMs) to translate SHAP artefacts into
natural language. While prior work has evaluated narrative faithfulness at the aggregate level, no study has examined whether
quality differs systematically across demographic groups. We generate 204 SHAP-based narratives across six LLM providers for
adversely classified instances from the German Credit dataset and break down faithfulness and feature coverage by applicant sex
and age. We find substantial provider-level heterogeneity in narrative content, age- and sex-based disparities in which features
are mentioned, and faithfulness differences across social groups. These exploratory findings underscore that XAIN cannot yet
be deployed without structured fairness auditing and that further research is warranted.
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1 Introduction
As AI systems are increasingly used in high-risk domains, credit scoring stands out as a case where explainability
is both legally required and socially important [14]. While post-hoc explanation methods such as SHAP (SHapley
Additive exPlanations), a method that quantifies how much each feature contributes to a model’s prediction for a
specific instance across all possible feature combinations [10], can technically justify (loan) decisions, they are
often too technical for applicants to understand or use [13, 15]. This has motivated the move toward AI-generated
explanatory narratives (XAIN), which use large language models (LLMs) to translate these artefacts into natural
language explanatory narratives [11, 16]. Effective XAIN have a structured, story-like explanation that establishes
cause-effect mechanisms between features, rather than a static description that merely lists feature importances
[3, 11]. Example narratives generated for the same instance by two models (Grok-4-1-Fast and GPT-4o) are
provided in Appendix A.1.
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A critical quality criterion for XAIN is faithfulness: the degree to which a narrative accurately reflects the
underlying XAI artefact, and by extension the general context. This is part of the taxonomy proposed by Silvestri
et al. [16] in the first systematic survey of XAIN. Faithfulness, encompassing correctness (factual agreement with
the explainer’s attributions) and completeness (coverage of all relevant features), is directly measurable.

This is especially important in credit scoring, where an unfaithful narrative may mislead loan applicants about
the actual drivers of an adverse decision by including mistakes or omitting important features, undermining their
ability to contest or act upon it. Ichmoukhamedov et al. [7] propose reference-free automated evaluation for tabular
SHAP narratives, directly comparing narrative content against the original SHAP table via rank, sign, and value
agreement metrics extracted by a separate LLM.

Crucially, however, faithfulness has so far only been evaluated at the aggregate level, and no framework currently
exists to assess fairness in XAIN [12, 16]. In credit scoring, sensitive attributes such as sex are legally excluded
from model inputs [1], yet LLMs can be exposed to the full applicant profile when generating, e.g., narratives with
personalisation objectives [7, 11]. As research consistently shows that state-of-the-art LLMs produce biased output
even based on proxy variables alone [2, 4, 8], it is important to study differences in explanatory narratives between
social groups.

In this extended abstract, we present ongoing work on the first empirical evaluation of between-group differ-
ences in SHAP narrative faithfulness. Using the German Credit dataset, we generate SHAP-based narratives for
adversely classified instances across six LLM providers, and evaluate faithfulness using the automated metrics of
Ichmoukhamedov et al. [7], extended with other attribute coverage metrics and linguistic metrics. We focus on
adversely classified instances because these applicants bear the negative outcome (credit denial) and must be able
to understand, contest, and act on the decision to improve their situation. Unfair narratives can cause allocational
harm (disparate withholding of access to credit) and representational harm (certain groups framed in persistently
more negative terms), making adverse decisions in high-risk contexts the focus for fairness auditing. We then break
down all results by applicant sex and age to test whether there exist faithfulness differences in XAINs between
social groups.

2 Experiments setup
We use the German Credit dataset (1,000 instances, 20 features), a widely used dataset in the fairness literature [6].
A random forest classifier was trained on a 700-instance training set, excluding the protected attributes sex, age,
and foreign_worker (a proxy for racial/ethnic origin) as model inputs, achieving AUC = 77.8% and accuracy =
74.5% on a held-out test set of 300 instances. Of these, 34 instances were adversely classified ("denied credit"), and
constitute the focus of this study.

For each of the 34 adversely classified instances, SHAP values were computed using the TreeSHAP algorithm
[9] and ranked by absolute importance. Six state-of-the-art LLM providers were then prompted to generate an
explanatory narrative: Claude Sonnet 4 (Anthropic), DeepSeek-Chat (DeepSeek), Gemini 3.1 Flash Lite (Google),
Grok-4-1-Fast (xAI), Mistral Large (Mistral), and GPT-4o (OpenAI). These six providers span across different
geographic and regulatory contexts (the United States, Europe and China). With the inclusion of DeepSeek-Chat,
an open-weight model was also represented alongside the otherwise proprietary systems. All models were called at
temperature T = 0. The prompt consists of five components, building on earlier research [7, 11, 16]. First, dataset
information contextualises the task. Second, a technical explanation of SHAP values is provided. Third, the full
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applicant profile is shared, listing all feature values and descriptions alongside comparisons to the distribution or
average of approved applicants for each feature (except for protected attributes). With this, the applicant’s predicted
probability of bad credit is given. Fourth, a feature importance table presents the top 3 SHAP features ranked
by absolute value, along with their SHAP scores and direction of influence. Fifth, a narrative task instruction
specifies content, constraints, and style. An overview of the XAIN generation and prompt components is given in
Appendix A.2. The inclusion of protected attributes in the prompt follows from the need to pass the full applicant
profile to the LLM, as coherent narrative generation requires access to the underlying feature values rather than
SHAP scores alone [3, 7, 11], and can benefit personalisation objectives, explaining not only what drove the
prediction, but additionally enabling cause-effect mechanisms and continuous structure that connect features to the
individual’s specific situation.

To evaluate faithfulness, we adopt a slightly adapted version of the extraction-based pipeline of Ichmoukhamedov
et al. [7]. Three LLMs (DeepSeek-Chat, Grok-4-1-Fast, GPT-4o) independently extract structured information
from each narrative, and a majority voting function produces a final extraction per instance per generator LLM
to decrease mistakes a single extractor LLM could make [7]. This extraction is then compared against a ground
truth file derived directly from all features and values as passed in the generation prompt, yielding the faithfulness
and other metrics described in the following section. The full generation and evaluation workflow is illustrated
in Appendix A.3. As He and Martens [5] show, single-pass generation introduces faithfulness issues even for
state-of-the-art LLMs. We adopt this setting deliberately to establish a baseline for between-group differences prior
to any refinement.

3 Results
Six providers generated narratives for 34 adversely classified instances, yielding 204 narratives in total (126 male, 78
female; 102 young < 32, 102 old ≥ 32). Age was split at the sample median (32 years) to give balanced subgroups.
As all 34 adversely classified instances were foreign workers, the variable foreign_worker was necessarily excluded
from analysis. Given the exploratory nature of this ongoing work and the limited sample size, all statistical tests
are reported without multiple comparison correction. Feature mention disparities were assessed using Fisher’s
exact test when expected cell counts fell below 5, and Chi-square tests of independence otherwise. Two-group
comparisons on faithfulness and linguistic metrics used Mann-Whitney U tests; four-way subgroup comparisons
used Kruskal-Wallis tests with post-hoc pairwise comparisons. All findings should be interpreted as exploratory
and hypothesis-generating, pending confirmatory analysis on larger datasets.

First, there exist provider-level differences (Figure 1, left). Substantial variation exists in how providers construct
narratives beyond the top-ranked SHAP features. Grok mentions the most additional features (avg 9.15), OpenAI
almost none (avg 0.44). Only Gemini and Grok mention protected attributes: Gemini references age in nearly all of
these cases (and sex once via a gendered pronoun), while Grok references all protected attributes.

Second, several differences emerge between the younger and older groups (Figure 1, right). Gemini constructs
significantly more detailed narratives for older applicants, mentioning on average 5.88 non-protected, non-SHAP
features compared to 4.94 for younger applicants (p = 0.0265). Further inspection shows this could be due to
some features being exclusively mentioned for older applicants, including number of credits, people liable, and
credit history. Mistral shows a significant drop in rank 3 agreement for older applicants (35.3%) versus younger
(70.6%, p = 0.0443, Cohen’s d = 0.733), attributable to Mistral including time-related features such as employment

Proceedings of ECAF’26. September 02 – September 04, 2026. Ghent, BE.



4 • Van den Bulck et al.

duration for older applicants even when these do not appear in the top-3 SHAP features, effectively confusing
the recipient of the narrative. Across all providers, people liable is mentioned almost ten times more frequently
for older applicants (19.6% vs. 2.0%, p = 0.0001), and number of credits approximately three times more often
(22.5% vs. 8.8%, p = 0.0123).

Third, some of these differences are also to be seen between the sexes (Figure 1, right). People liable is mentioned
in 15.9% of male narratives versus 2.6% of female narratives (6.19×, p = 0.0060), and number of credits in 20.6%
versus 7.7% (2.68×, p = 0.0231). Crucially, neither feature appears in the top-3 SHAP features for any instance of
either sex, so these disparities do not stem from this difference. At the provider level, Claude shows the sharpest
sex differences: number of credits is mentioned for 38.1% of male but 0% of female narratives (p = 0.0333), while
housing is mentioned for 69.2% of female but only 28.6% of male narratives (p = 0.0494).

Lastly, some general text metrics were calculated. Word count, sentence length, type-token ratio, Flesch-Kincaid
grade, and causal connective density show no significant differences by sex or age when averaged across providers.
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Fig. 1. Provider-level feature coverage (left) and demographic disparities in feature mention rates (right).

4 Discussion
The results reveal two distinct types of disparity in LLM-generated credit denial narratives. The first is heterogeneity
in feature coverage: which non-SHAP features are mentioned varies substantially across providers and across
demographic groups. The second is heterogeneity in faithfulness: rank agreement differs across social groups.

The provider-level variation in coverage is itself a fairness concern independent of demographics. An applicant
whose bank uses Grok receives a qualitatively different narrative than one whose bank uses OpenAI, regardless
of their credit profile. When such variation also tracks demographic groups, as with people liable and number
of credits being mentioned far more often for male and older applicants, the question arises whether this reflects
genuine differences in underlying feature values or LLM-internal biases. Even where demographic disparities
in feature mentions are partially warranted by feature value distributions in the data, it remains problematic that
providers differ: whatever a practitioner deems fair is violated by at least some LLMs, since they produce divergent
results on identical inputs.
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Several limitations bound these findings. First, manual human evaluation was limited: not all generated narratives
were reviewed, and those that were were assessed by a single annotator. Second, the three LLMs used to extract
structured information from the narratives (DeepSeek-Chat, Grok-4-1-Fast, GPT-4o) overlap with the providers
used to generate them, introducing potential self-evaluation bias, though majority voting across the three extractors
mitigates this. Third, the 204 narratives are not fully independent, as they derive from 34 adversely classified
instances across 6 providers: comparisons pooled across the full set must therefore be interpreted with care.
Combined with the absence of multiple-comparison correction, all reported p-values should be read as hypothesis-
generating and exploratory rather than confirmatory.

For future work, two targeted experiments would help isolate the mechanism driving these disparities. First,
injecting protected attributes explicitly into the prompt for the same instances would reveal whether their presence
directly alters narrative content. Second, excluding all protected attributes from the prompt would test whether
feature value co-variation alone is sufficient to produce the observed gaps. Together, these experiments would
determine whether unfairness in XAINs originates from the interaction of feature values with protected attributes
in the prompt, from protected attributes alone, or from feature value distributions independently.
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